Deaths of animals in the wild are rarely observed directly, which often limits understanding of survival rates. Telemetry trans-2 mitters offer field ecologists the opportunity to observe mortality events in cases as the absence of animal movement. When 3 observations of mortality are based on factors such as the absence of animal movement, live individuals can be mistaken for 4 dead, resulting in biased estimates of survival. Additionally, tag failure or emigration might also influence estimates of survival in 5 telemetry studies. Failing to account for mis-classification, tag failure, and emigration rates can result in overestimates of mortal-6 ity rates by up two-fold, even when the data are corrected for obviously mistaken entries. We use a multi-state capture-recapture 7 model with a misclassification parameter in estimating both the rate of permanent emigration and/or tag failure and the rate at 8 which individuals are mistakenly identified as dead. We use this method on an annual telemetry survey of three species of native 9 fish in the Murray river, Australia: Murray cod (Maccullochella peelii), trout cod (Maccullochella macquariensis) and golden 10 perch (Macquaria ambigua). Evidence for higher mortality rates in the first year post-implantation occurred for Murray cod and 11 golden perch, which is likely an effect of tagging and/or the transmitter, or transmitters shedding. Using simulations, we confirm 12 that our model approach is robust to a broad range of misclassification and transmitter failure rates. With these simulations we also 13 demonstrate that misclassification models that do not account for emigration will likely be erroneous if live and dead animals have 14 different probabilities of detection. These findings will have a broad interest to ecologists wishing to account for multiple sources 15 of misclassification error in capture-mark-recapture studies, with the caveat that the specifics of the approach are dependent on 16 species, transmitter types and other aspects of experimental design which may or may not be amenable to the misclassification 17 framework. 
where the notation b sit−1 refers to the row in matrix b corresponding to the state of individual i at time t − 1. If the matrix b is 125 left unconstrained and has more than 2 states, it is not identifiable. Instead, we assume that individuals die with probability µ, 126 cannot transition from dead to alive, and remain in the undetectable state once their tag fails. In CMR literature, the parameter φ 127 is often used to denote survival, so here, µ = 1 − φ. We further assume that the tag failure rate ν is common between alive and 
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Observation model: The observation data y it depend on 1) the probability of detecting individuals given their state and 2) the 131 probability of correctly recording observed states. We let Ψ denote the 3 × 3 matrix given by
where p 1 and p 2 refer to the probability of detecting live and dead individuals and ω is the probability of correctly recording its 134 state as alive given that it was detected and alive.
135
The observation process can be written as 136 y it |s it , Ψ ∼ Multinomial (Ψ sit ) [2] where the subscript notation Ψ sit refers to the row corresponding to state s it . We note that second row in Ψ, denoted Ψ 2 includes 137 no probability of misclassification, reflecting our assumption that dead individuals are never mistaken as alive. Similarly, Ψ 3 138 reflects that failed transmitters are never observed as alive or dead.
139
We write the joint posterior distribution of the parameters given the data as 
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Application of the full model to native fish in the Murray river: The model as posed above does not account for any variation 143 in mortality rates. However, µ and other parameters can be modified to reflect variation according to different factors. Here, we 144 explore how mortality rates vary between new and old implants, years, stream section and tag sizes. We use the notation S()Y () 145 to denote the state and observation components of the model, including terms µ, ν, ω and p to denote where these parameters 146 are included in the model. Additionally, the model S(µ T M .ν)Y (ω.p) specifies a possibly greater risk of mortality in the first year post-operation by specifying different values of µ. Similarly, we estimated yearly differences in the µ model by specifying a 148 separate mortality rate for each year of sampling (model S(µ T .ν)Y (ω.p)). A third model estimated µ specific to three different 149 regions of the river (model S(µ R .ν)Y (ω.p)). Finally, transmitters came in three battery sizes, generally corresponding to different 150 sizes of fish and we specified a model that estimates a different transition matrix for three different ranges of tag size (model 151 S(µ L .ν)Y (ω.p)). The rest of the parameters (ν, ω and p) are kept constant over time and over different transmitters. We compared 152 results from each of these four models against a model with constant mortality (S(µ.ν)Y (ω.p)) with the deviance information 153 criterion (DIC), and report inter-species differences in parameters estimated for each model.
154
Comparisons against other classes of models: As the purpose of our model is to account for possible bias due to misclassifica- When comparing between model types, several clear trends were apparent across all species, though these trends were only 188 strong (as evidenced by a lack of overlap in 95% credible intervals) in certain species. In general, none of the trends observed 189 were significant for trout cod, so we limit our discussion of the results to golden perch and Murray cod. First, as expected, including Comparing µ between stream sections showed that for Murray cod, µ was higher in SS1, whereas there was little discernible 198 difference for other species (figure 3A). We found that µ was much higher (0.15 vs 0.05) in newly tagged golden perch and slightly 
Discussion

228
Identifying mortality events using telemetry or other remote observations is a powerful tool in ecology, particularly where 229 standard capture techniques are labour intensive or have a low success rate. However, confusing normal behavioural patterns with 230 death can bias estimates of mortality. Here, we account for such misclassification using a model similar to the multi-event or 231 misclassification models (26; 11; 10; 14) . Setting this problem in a state-space framework allows for clearer distinction between 232 the observation and process models, making it possible to extend the model to a variety of different scenarios.
233
Using this approach, we were able to estimate the impact of tag implantation on mortality rates in wild fish, with newly-tagged 234 individuals more likely to die than those that have had the tag implanted for more than a year. This finding supports other work 235 showing that the stress of implantation should be considered in future radiotagging study design (29; 24) . In addition, we show 236 how mortality rates vary between different parts of a river, differently-sized fish and between years. Our results indicate that for
237
Murray cod, individuals with small transmitters have the highest mortality rates, likely a consequence of the relatively greater 238 vulnerability of small fish to the shock of implantation. By contrast, golden perch implanted with medium-size transmitters that 239 had the highest mortality rates in that species. Year-to-year variation in µ appears small for both Murray cod and golden perch, 240 with the exception of 2008 for golden perch, which may be explained by the greater proportion of newly tagged individuals at the 241 start of the study. As well, mortality in 2012 appears lower in both species. Results for Trout cod had very wide credible intervals 242 indicating that sample sizes were too small to interpret meaningful results from these data.
243
In this study, we allowed for variability in mortality rates between different groups of fish. Modifications are possible to allow 244 for variability in misclassification and detection rates as well. Indeed, we note that allowing for differential detection of alive 245 and dead fish appears to be an important consideration. In our simulations, we found that failing to account for misclassification (but still modelling tag failure) significantly underestimates µ. In these scenarios, we set the detection rate for live individuals at p 1 = 0.3 and p 2 = 0.2 and as a consequence individuals with failed transmitters are more likely to look as though they are dead.
248
This bias would overestimate population size and the rate of population turnover in full population models. By contrast, models 249 that account for tag mortality but not tag misclassification tend to underestimate mortality rates and detection rates, inflating the 250 size and longevity of populations. We also showed that failing to include tag failure rates (model S(µ)Y (ω.p)) has the strongest 251 influence on µ and p, resulting in a strong bias with even relatively low ν. Conversely, the model that did include tag failure and 252 tag misclassification (model S(µ.ν)Y (p)) was relatively robust to increasing misclassification bias. model is applicable to both these scenarios.
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On a final note, we note that the usual caveats concerning the modelling approach being valid only when the relevant underlying 
Posterior mean (symbols) and 95% credible intervals (vertical segments) for survival (µ), misclassification (ω), tag failure (ν) and detection (p, red=dead, green=alive) parameters in each of the four models described in the text for the three species used in this study. GP= golden perch, MC=Murray cod, TC=trout cod. True detection rate Bias in estimated detection rate , panels E and F). Boxes indicate the 25 75% posterior quantiles of survival estimates from 500 simulated datasets at each level of tag failure. In panels E and F, bias in estimated detection rates are shown for both alive (p1, red) and dead (p2, green) individuals. Table 3 . Mean fish lengths, battery sizes and tag burden for implanted transmitters in each of the three species included in this study. Length and size ranges are given in square brackets. 
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